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INTRODUCTION 

In extractive metallurgy, mineral processing is the process 
of separating commercially valuable minerals from the ores. 
Separation equipment may include ore sorters, gas cyclones, 
hydrocyclones, rotating trommels, rake classifiers, fluidized 
classifiers, etc. 

A hydrocyclone is a device to classify particles in a liq- 
uid suspension based the ratio of their centripetal force to 
the fluid resistance. The hydrocyclone optimizes a spinning 
motion of the mixture and the heavier materials are thrown to 
the outside of the spin and come out from underflow (spigot) 
while the lighter material rises up through the overflow (vor- 
tex finder). 

Hydrocyclones are used in continuous flow systems. 
Applications include the following: 

• In pulp and paper mills to remove sand, staples, plastic 
particles, and other contaminants 

• In oil and gas drilling applications to separate sand 
and grit from costly drilling mud for reuse 

• In the metal industry, working to separate metal par- 
ticles from cooling liquid 

• In mineral processing, both to classify particles for 
recirculation in grinding circuits and to differentiate 
between the economic minerals 

• In mining applications to remove particulate from 
coal, cement, gravel, and various bulk aggregate 
materials 

• In the scrap recovery of gold, silver, copper, and other 
precious metals from tailing ponds, not previously 
attained from ore 

Hydrocyclones are manufactured in different shapes and 
sizes to suit specific purpose of operation. Hydrocyclones 
normally have no moving parts. The only movement is the 
slurry passing through it. Inside the cyclone, due to forces 
experienced by the slurry, particles suspended in the fluid are 
classified to be discharged either from the vortex finder as 
overflow or from the spigot opening as underflow. The d 50 
is a parameter that determines the classification efficiency. 


The d50 represents a particular particle size reporting 
50% to the overflow and 50% to the underflow streams. In 
practice, however, the d50 is corrected by assuming that a 
fraction of heavier particles are entrained in the overflow 
stream that has the same fraction of water in the underflow. 
This correction of d50 is designated as d50 c and the d50 c 
is accepted as the normal representation of the classification 
efficiency. Tromp curves, as shown in Figure 56.1, are used 
to determine the d50 and the c/50 c . 

Under normal industrial applications, any deviation from 
a desired <f50 c value cannot be restored without changing the 
operation conditions and/or the geometry of the hydrocy- 
clone. Also, sensing the changes in d50 c is a difficult task. It 
requires external interference by taking appropriate samples 
from the overflow and underflow streams and conducting 
lengthy size distribution analysis of these samples. However, 
in literature, automatic control of hydrocyclones has been 
discussed by Gupta and Eren [1], These authors installed 
appropriate sensors to monitor the signals generated by the 
instruments under the normal operating condition and these 
parameters were used in an online computer control system 
to actuate appropriate controllers and servomechanisms to 
reduce the differences between the observed d50 c and the 
desired values. 

ONLINE CONTROL OF HYDROCYCLONES 

In the automatic control of hydrocyclones, the output signal, 
<j( 50 c , cannot be sensed or conditioned directly, but needs to 
be calculated from operation parameter. The correct predic- 
tion of the d50 c is essential to generate control signals. 

In literature, d50 c is determined imperically by taking 
a number of variables taken from the slurry characteristics, 
operation conditions, and cyclone geometry [1-4]. Most of 
these models have been derived using multivariate analysis 
and statistical data, which is generated by changing one of 
the affecting variable and keeping the others constant as 
exemplified in Figure 56.2. 

In the study reported in reference [1], representative over- 
flow and underflow samples of the slurry have been taken 
simultaneously from the underflow, the overflow, and the inlet 
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Tromp curves ofd50 and d50 c . 


d50 c (|-im) 



FIG. 56.2 

Determination of d50 c with respect to spigot opening only (others 
affecting parameters are constant). 


Inlet 

Process variable: 

♦ Density (pj) 
Control variable: 

♦ Flowrate (Qj) 


Other variables: 

♦ Temperature ( T ) 

♦ Differential pressure (A p ) 



Vortex finder 
Process variable: 

. Density (p G ) 

♦ Flowrate (Q 0 ) 
Control variable: 

• Vortex hight ( H ) 


Spigot (underflow) 
Process variable: 

. Density (p u ) 

Control variable: 

• Spigot diameter ( D u ) 


FIG. 5G.3 

Instrumentation of hydrocyclone. 


1. Inlet flowrate (Q) 

2. Outlet flowrate ( Q 0 ) 

3. Inlet density (p ; ) 

4. Outlet density (p o ) 

5. Differential pressure between the inlet and outlet (A p) 

6. Temperature of the slurry ( T) 

The control parameters were 

1. Spigot opening diameter (Dj by a pneumatic 
mechanism 

2. Inlet flowrate (Qf by a variable speed drive 

3. Vortex finder height (H) by a pneumatic mechanism 

For the automatic control, the d50 c the desired value of the 
d50 was set in the computer. The signals from the instru- 
ments have been processed to calculate the current value of 
c/50 c using the best imperical model applicable to the cur- 
rent setup [1], To minimize the differences between the set 
value and the present value, the control variables, such as the 
spigot opening and, vortex height and the inlet flowrate, have 
been adjusted sequentially until the desired value of c/50 c was 
obtained. This method was effective in controlling the d50 
values. New values of d50 have been verified by sampling as 
described above. 


for a fixed period of time. The samples have been dried and 
analyzed by conventional methods using sieves. Over 200 data 
points were obtained describing c/50 and c/50 c values as depen- 
dent variable affected by the input flow rate, the input density, 
the vortex finder height, the spigot opening, and the tempera- 
ture of the slurry. Variables affecting c/50 c were manipulated 
one by one in a controlled and sequential manner. 

Signal Processing and Online Control of Hydrocyclones 

The automatic control strategy, a hydrocyclone was instru- 
mented (Figure 56.3) to measure the following variables: 


APPLICATION OF ARTIFICIAL INTELLIGENCE 

There are many different imperical models accumulated over 
the years. Some of the models appeared to be applicable in 
specific situations whereas others totally failed in predicting 
the c/50. In order to eliminate discrepancies between imperi- 
cal models, modern techniques such as artificial intelligence 
(AI) have been applied to estimate the c/50 c . In this case, in 
addition to conventional variables, for example, inlet flow 
rates, inlet density, spigot opening, vortex height, and tem- 
perature of slurry, other variables have been included in the 
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prediction of d50 c . Generally, the results obtained by AI do 
not only yield to better correlation of experimental data but 
also they were much quicker, easier, and flexible to apply in 
comparison to empirical models. 

Application of Backpropagation Technique 

As an AI tool, the artificial neural networks (ANN) have 
been used. In this study, the back propagated neural network 
(BPNN) [5-7] was the first technique to be applied. The 
BPNN is widely used as supervised ANN. Supervised learn- 
ing requires a set of training data, which consists of a number 
of desired outputs and corresponding input data. 

The BPNN has a number of layers; one input layer; one 
output layer; and a few hidden layers. The objective of train- 
ing BPNN is to adjust the weights between the layers such 
that application of a set of inputs produce the desired set of 
outputs. Calculations are done to obtain the output sets by 
processing through the input layers to the output layer, and 
then propagated back through the network. Although BPNN 
is known to have some limitations, in literature it has been 
demonstrated to work successfully in many applications. 

One advantage of BPNN is that it does not require much 
knowledge of the system before it can generate the desired 
output. BPNN can learn from the training examples such 
that the learning can be applied to new input data generated 
under similar operating conditions. Although the training of 
BPNN is slow, once it has learned, the outputs can be gener- 
ated in a very short time. However, the selection of param- 
eters for BPNN, such as the number of hidden neurons in the 
hidden layer, may require many tests to determine the best 
configuration. 


In this application, ANN was first applied with the con- 
ventional five hydrocyclone variables, namely, the inlet flow 
rate, the inlet density, the vortex finder height, the spigot open- 
ing diameter, and the temperature. Figure 56.4 illustrates the 
results obtained. In order to enable direct comparisons with 
the conventional models, two of the classical formulae have 
been selected — Gupta and Eren’s model [1] and Plitt's model 
[2] — and have been plotted in the same figure. It can be seen 
that ANN results are superior for most values of d50 c . Further 
statistical analysis of this figure gave the following informa- 
tion: for Gupta and Eren’s model, the correlation coefficient 
0.963 with r- squared value of 96.66%, for Plitt’s model cor- 
relation coefficient 0.895 and an /--squared value of 80.14%. 
These can be compared with the results obtained by ANN, 
which yielded in a correlation coefficient of 0.986 with an 
/--squared value of 97.17%. 

To fully utilize ANN, once the network is trained, the 
learning of the network is assumed to be holding for any 
future data generated under the same operational conditions. 
In order to verify this, the network has been trained with 
some arbitrarily selected 50% of the data and the other 50% 
has been used for testing. The input variables were selected as 
those in Figure 56.4. Typical results are illustrated in Figure 
56.5. In this example, the correlation coefficient was found 
to be somewhat reduced to 0.97 with an /--squared value of 
96.67%. However, these results are still better compared to 
those predicted by classical formulae. In this figure, it can be 
seen that there is a wide discrepancy in some of the results, 
which can be observed in run numbers 94 and 175, suggest- 
ing that the prediction error in training is large. In obtaining 
this figure, the following BPNN parameters were selected: 
hidden layer =1, hidden neurons = 4, initial upper weight 



Run numbers 


FIG. 56.4 

The data and predicted results obtained using five parameters. 
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FIG. 56.5 

The results with large prediction error. 



Correlation of data and BPNN results. 

limits = +l, initial lower weight limits = -l, tolerance error 
0.01 and maximum number of iterations = 5000. 

The regression analysis, between the observed d50 c 
and that calculated by using ANN, has been illustrated in 
Figure 56.6. 

Application of Fuzzy Control 

Fuzzy control systems (FCS) are popular in dealing with 
control problems that are normally handled by statistical 
approaches or ANN. The most important application of the 


classical fuzzy set theory is still FCS. A fuzzy set allows for 
the degree of membership of an item in a set to be any real 
number between 0 and 1. This allows human observations, 
expressions, and expertise to be modeled more closely. Once 
the fuzzy sets have been defined, it is possible to use them in 
constructing rules for FCS and in performing fuzzy infer- 
ence. Fuzzy reasoning is expressed as linguistic rules in the 
form “If x is A, then y is B,” where x and y are fuzzy vari- 
ables, and A and B are fuzzy values. These rules correspond 
well to the rules expressed by humans. 

It is known that the use of fuzzy systems simplifies the 
development of an intelligent control system. Sophisticated 
knowledge and rich human experience can be incorporated 
into the fuzzy knowledge base in a form that is close to nat- 
ural language. The FCS allow incorporation of knowledge 
that is not necessarily precise and complete. The input to be 
accessed in fuzzy inference need not necessarily be clear 
nor do they have to match the given knowledge exactly. The 
fuzzy systems also allow partially matched conclusions to 
be inferred from the fuzzy facts and the established fuzzy 
knowledge base. The advantages of using FL are the ability 
to interpret the control model built and to handle fuzzy data. 
The control model can also be changed easily by modifying 
the fuzzy rule base. 

However, conventional fuzzy systems do not have any 
learning algorithm to build the analysis model. Rather, they 
make use of human knowledge, past experience, or detailed 
analysis of the available data by other means in order to 
build the fuzzy rules for the control system. Therefore, the 
major limitation is the difficulty in building the fuzzy rules 
due to lack of learning capability. However, if a rule extrac- 
tion technique can be used, the FCS still has its advantage. 
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Recently, an automatic self-generating fuzzy rules inference 
system [9] had shown successful results in establishing in 
many other areas such as the well log interpretation and 
modeling. 

The steps involved in the self-generating fuzzy rules 
inference system are summarized as follows: 

1. Normalize the data between 0 and 1 by using a linear 
or logarithmic transformation depending on the nature 
of the data. This is to ensure that the resolutions of all 
data are similar. 

2. Define the shape of the membership function, number 
of fuzzy regions, and fuzzy terms for all data. In this 
approach, only triangular membership functions are 
used. The number of fuzzy regions used is the same 
for all inputs and output. 

3. The space associated with each fuzzy term over the 
universal discourse for each variable is then calculated 
and divided evenly. 

4. For each available training data, a fuzzy rule is estab- 
lished by directly mapping the physical value of the 
variable to the corresponding fuzzy membership 
function. Most of the time for a given value, it will 
normally fall into more than one fuzzy region. In 
this case, a degree is given to that value in the fuzzy 
region. The value is then assigned to the fuzzy region 
with maximum degree. 

5. Go through steps (1-4) with all available data and gen- 
erate one rule for each input-output data pair. 

6. Reduce the fuzzy rule base. In this step, all rules are 
examined for similarity. Similar rules are then elimi- 
nated and taken out of the rule base. 

7. The set of reduced fuzzy rules together with the cen- 
troid defuzzification algorithm now forms the fuzzy 
rule base. 

The fuzzy rule base established by the extraction tech- 
nique is normally a sparse fuzzy rule base as it normally con- 
tains gaps. This is mainly due to the reason that the given 
examples used to construct the fuzzy rule base are normally 
not enough to construct a complete and comprehensive fuzzy 
rule base. In the case when a fuzzy rule base contains gaps, 
classical fuzzy reasoning methods can no longer be used. 
This is due to the lack of inference mechanism in the case 
when observations find no rule to fire. 

Implementation The same data (70 for training and 69 for 
testing), as in BPNN described above, have been used in this 
fuzzy logic application [8], The parameters are the spigot 
opening diameter (D u ), the vortex finder height (//), the inlet 
flow rate (Q { ), the density (pP, and the temperature of slurries 
(T), and the output is <750 c . The self-generating fuzzy rules 
technique is used to extract fuzzy rules from the 70 train- 
ing data. Seven-membership function has been selected as it 
gives the best result. There are a total of 64 fuzzy sparse rules 
generated from the rule extraction process. 


Koczy and Hirota [9] introduce the first fuzzy interpo- 
lation technique in providing a tool for generating an out- 
put fuzzy set whenever at least one of the input universes is 
sparse. However, as shown in reference [9], KH fuzzy inter- 
polation has some undesirable conclusions. In this chapter, 
the 1MUL fuzzy interpolation technique [10] is used to gen- 
erate <750 c of hydrocyclone using the sparse fuzzy rule base. 

In order to show the applicability of this method, the 
results are also used to compare with an imperical model of 
Gupta and Eren [1], where <750 c is described as 


d 50 c = 23.36 
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( 56 . 1 ) 


where 

The ambient temperature T n = 25 

Minimum inlet flowrate Q mia = 120 

Vortex height designed by the manufacturer of hydrocy- 
clone H d = 85.2 

When the sparse rule base is used to perform control on 
the testing data, four sets of input instances cannot find any 
fuzzy rules to fire, and the fuzzy inference system default 
the output to zero. In this case study, the number of input 
sets that cannot find any rule to fire is considered minimal. 
However, in some cases, this may not always be true. If more 
than half the input instances cannot find any rule to fire, this 
control system may be considered not feasible. 

From observation and Euclidean distance measure on 
each input variable, the nearest fuzzy rules of the four input 
instances are determined to be used for the IMUL fuzzy 
interpolation. After performing the IMUL fuzzy interpola- 
tion, <75 0 L for the four input instances could be interpolated 
straight away. 

Percentage similarity coefficient (PSC) is used to per- 
form the measurement of difference between the theoretical 
<750 c (T) and the observed <750 c ( O ). The calculation is per- 
form using the following: 


min (?;, Of 
' T t + O t 

<=i 

The PSC value between the observed <750 c and the <750 c , 
calculated using Equation 56.2, is 90.096%. As for <750 c gen- 
erated from the fuzzy inference system without the IMUL 
fuzzy rule interpolation (FRI) as compared to the observed 


( 56 . 2 ) 


PSC = 200-^ i=1 
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FIG. 56.7 

Graphical plots of all predicted d50 c and observed d50 c . 


d50 c is 88.211%. However, when the IMUL FRI is used, the 
PSC value increased to 91.899%. 

Figure 56.7 shows the plot of all the predicted d50 c as 
compared to the observed d50 c . The sharp fall of value in the 
fuzzy curve is mainly due to the default value of zero when 
no fuzzy rule is fired. 

From these results, it can be seen that the fuzzy system 
with the IMUL FRI technique has better prediction results 
to those of the formula. In this case study, it has also shown 
the importance of the IMUL FRI technique to be used in 
practical situation where the observed d50 c can only gener- 
ate sparse fuzzy rule base. However, in this case study, the 
number of input instances that cannot find any fuzzy rule to 
fire is considered minimum. If more than 20% of the input 
instances have the similar problem, then the fuzzy inference 
system will have no use in determining the d50 c . Besides, 
with the use of the IMUL fuzzy interpolation technique, the 
number of fuzzy rules in the rule base is not increased. This 
is a desirable characteristic for online hydrocyclone control, 
as minimum fuzzy rules used will imply better human-com- 
puter interaction. 

COMMENTS ON NEURAL FUZZY SYSTEMS 

When using ANN and FL for engineering applications, it will 
be useful to provide a proof of concept model before imple- 
menting the techniques. This section highlights some of the 
practical and application conditions to take care when build- 
ing the proof of concept prototype. A good software tool to 
start off with could be the MATLAB® ANN [10] and Fuzzy 
Logic Toolbox [11], As extracting fuzzy rules and handling 
of incomplete fuzzy rules base are two important areas to 
be addressed, the FRI MATLAB Toolbox and Sparse Fuzzy 
Model Identification (SFMI) MATLAB ToolBox [12] could 
come in handy when building a fuzzy logic system. 


Fuzzy systems and ANNs are complementary techniques 
for designing an intelligent control system, with its own 
advantages and disadvantages. ANNs are well known for 
their application to classification and function approximation 
problems. They have the ability to perform nonlinear input 
and output mapping from training data, and are capable of 
generalization by rejecting noise and generating results for 
input data that are new to the network. On the other hand, 
fuzzy systems have the ability to handle fuzzy information 
and can also handle nonlinear functions. The major advan- 
tage of fuzzy system is the ability to express the ambiguity 
of knowledge in linguistic terms. The inspiration for ANN 
and fuzzy system historically comes from the desire to pro- 
duce artificial systems capable of sophisticated intelligent 
computation. 

When using ANNs and fuzzy systems independently, 
each technique has its shortcomings that prevent it from 
being a “complete” solution for use as an intelligent control 
system. For example, after a ANN is trained, it acts like a 
“black-box.” A user will have difficulty in understanding the 
large number of weights involved. In addition, the effects on 
the output are unpredictable if some weights are modified. 
As for a fuzzy system, the setting up of the fuzzy rules can 
be tedious especially when a large number of input param- 
eters is involved. Also, it does not have the ability to learn 
and adapt from the training data. As discussed before, to 
solve the problem of how to set up fuzzy rules, fuzzy rule 
extraction/induction algorithms can be used to obtain the 
rules from the training data. 

Some applications use the combination of ANN and 
fuzzy system to solve the problem. There are many ways that 
the combination can be implemented. For the neural fuzzy 
networks technique, the intelligent control system normally 
makes use of fuzzy methods to enhance the learning capa- 
bilities or performance of an ANN. In this case, after the 
ANN has learned the underlying function, it is still acting 
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as a “black-box” with difficulties for humans in interpreting 
the data analysis model. When using a cooperative neuro- 
fuzzy technique, a neural network is used to learn the under- 
lying function and fuzzy rules are extracted from the trained 
ANN. After the fuzzy rules are extracted, the ANN is not 
used any more. Another way to combine them is known 
as hybrid neural fuzzy system, it is difficult to distinguish 
whether it is an ANN or fuzzy system. It has characteristics 
of ANN and fuzzy system in this hybrid model. The ANN 
model is used to model the fuzzy system. The ANN learning 
algorithm fine-tunes all the parameters in the fuzzy system. 
One such system is known as adaptive-network-based fuzzy 
inference systems (ANFIS) [13]. 
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